Background: High throughput sequencing technology enables the both the human genome and transcriptome to be screened at the single nucleotide resolution. Tools have been developed to infer single nucleotide variants (SNVs) from both DNA and RNA sequencing data. To evaluate how much difference can be expected between DNA and RNA sequencing data, and among tissue sources, we designed a study to examine the single nucleotide difference among five sources of high throughput sequencing data generated from the same individual, including exome sequencing from blood, tumor and adjacent normal tissue, and RNAseq from tumor and adjacent normal tissue. Results: Through careful quality control and analysis of the SNVs, we found little difference between DNA-DNA pairs (1%-2%). However, between DNA-RNA pairs, SNV differences ranged anywhere from 10% to 20%. Conclusions: Only a small portion of these differences can be explained by RNA editing. Instead, the majority of the DNA-RNA differences should be attributed to technical errors from sequencing and post-processing of RNAseq data. Our analysis results suggest that SNV detection using RNAseq is subject to high false positive rates.
Background
Single nucleotide variants (SNVs) are often measured in human specimens to correlate with other phenotypic variables. In general, there are two major classes of SNVs: germline mutations, which are inherited with one allele from each parent (also known as germline), and somatic mutations which are acquired at late stage of life. Germline mutations are usually used to assess the risk of developing certain diseases. Somatic mutations are often associated with tumorigenesis. Both germline and somatic mutations have been studied extensively in biomedical research. Single nucleotide polymorphisms (SNPs) describe germline mutations at population level.
The detection of SNVs can be achieved through a variety of methods, including real time polymerase chain reaction (RT-PCR), genotyping array, Sanger sequencing, and high throughput sequencing. All of these methods use genomic DNA as the input source. For example, genome wide association studies (GWAS) typically use DNA extracted from blood to infer SNPs due to the easy collection and storage of blood. Somatic mutations occur in tumor tissues and are usually identified by comparing the DNA sequences of tumor tissue to blood or adjacent normal tissue. One of the most basic assumptions of human DNA is that in the absence of somatic mutations, every cell in the body is essentially identical. A study in 2009 by Gottlieb et al. challenged this conventional paradigm by identifying three SNPs in tissues that were not present in blood [1] . This finding received great attention, while simultaneously receiving criticism for the inaccuracy of the analyses [2] .
High throughput sequencing technology enables investigators to screen for SNVs in the entire genome or exome at a reasonable cost. Over the same time period, the development of RNAseq technology has replaced microarrays as the primary tool for gene expression profiling [3] [4] [5] [6] . Unlike microarrays, RNAseq is based on high throughput sequencing technology, and thus investigators can now also examine RNA genomic sequences at a single nucleotide resolution. RNAseq technology introduces an opportunity to compare the genomic sequences of DNA and RNA at an unprecedented large scale.
RNAseq data is often thought to be a less-thanideal source for SNV detection due to higher false positive rates [7] . The higher false positive rates can be attributed to several reasons, including higher complexity in alignment due to the RNA splicing [8] , random errors introduced during reverse transcription, PCR [9] and RNA editing [9] . Numerous attempts have been made to overcome these difficulties [8, 10, 11] with only moderate success.
The differences between DNA and RNA sequences have been previously documented. For example, Li et al. [12] reported that they observed widespread differences between the RNA and DNA sequences of the same human cells. Since its publication, three other independent follow-up studies [13] [14] [15] challenged the conclusion by Li et al., arguing that the differences found by Li et al. are attributed to alignment artifacts, RNA editing, etc. To address this controversy, a more in-depth analysis of sequence data is required to discern the true differences between RNA and DNA sequences.
To date, there is no clear consensus on how much genomic difference we should expect to see between blood and tissue, and between DNA and RNA of the same subject. Answering these questions can greatly contribute to the accuracy of SNV and somatic mutation identification from multiple sources.
Methods
To fully understand the single nucleotide differences between blood-tissue and DNA-RNA pairs, we conducted a thorough study that compared the nucleotide sequences between each sample-sequencing pair type, using a unique set of sequencing data from TCGA. From TCGA, we obtained sequencing data of 50 samples from 10 breast cancer patients. Each patient had five samples collected and sequenced: 1) DNA exome sequencing on blood (DNA-NB), 2) DNA exome sequencing on tumor primary tissue (DNA-TP), 3) DNA exome sequencing on adjacent normal tissue (DNA-NT), 4) RNAseq on tumor primary tissue (RNA-TP), 5) RNAseq on adjacent normal tissue (RNA-NT). Data for all samples were downloaded from the Cancer Genomics Hub in aligned BAM format [16] . Since the DNAseq data and RNAseq data were processed by different facilities, to ensure data integrity, we converted all BAM files to raw FASTQ formats and performed alignment against the human genome reference (HG19) using BWA [17] for DNAseq data and TopHat 2 [18] for RNAseq data. The alignment statistics can be found in Table 1 . Next, we marked duplicates using Picard [19] , then performed local realignment and local recalibration using the Genome Analysis Toolkit (GATK) [20] developed by the Broad Institute.
Genotypes were inferred by HaplotypeCaller from GATK. GATK best practice filters were used to filter out potential false positive SNPs. For the five samplesequencing types-DNA-NB, DNA-NT, DNA-TP, RNA-NT, and RNA-TP-there are 10 possible pairs. For each pair of samples, we computed the heterozygous genotype consistency as follows: the number of consistent heterozygous genotypes between sample A and sample B divided by the total number of heterozygous genotypes in sample A or in sample B. We only considered genomic positions covered with at least 10 reads in both samples of the pair (denoted as "callable" sites). Also, we focused our study on haploid genomes (chromosome . Chromosome X, Y and mitochondrial DNA were not considered in this study.
The identification of an alternative allele at a certain genomic location is highly dependent on the depth of coverage. For a heterozygous position, the reads that support the alternative allele should ideally follow a binomial distribution,Binomial(D, 0.5). Thus, we expect to observe an alternative allele at 50% allele frequency. The probability of observing an alternative allele increases as the depth increases (Fig. 1a) . As seen from this figure, setting the depth threshold at 10 allows a higher probability to observe an alternative allele. However, the distribution of the alternative-allele frequency among the reads produced by a sequencing dataset usually follows a normal distribution (Fig. 1b) . Thus, there are some genotypes with extremely high or low allele frequencies that deviate from 50%. Also, during sequencing alignment, reference preferential biases can also skew the distribution of allele frequencies by 2 to 5% toward the reference allele [21] . Reference preferential bias is a type of alignment artifact, since most aligners will penalize the alignment of a read based on the number of mismatches within that read. A true SNP is counted as a mismatch during alignment, thus the aligner preferentially prefers reads with no mismatches in the alignment and slightly undercounts the reads containing alternate alleles. Furthermore, four of our five sample types are extracted from tissues in or around the tumor with acquired somatic mutation, which may contain some tumor cells carrying somatic mutaitons. For these reasons, the percentage of mutated alleles at a genomic location does not strictly follow the Binomial(D, 0.5) distribution. It is possible that only a small percentage of reads support mutated alleles. To take this into consideration, we also computed a loose genotype consistency between a pair of samples. The loose genotype consistency is computed in the same way as described above, with the exception that consistent heterozygous genotypes between samples A and B are defined as the genotypes that are consistent if they have the same alternative allele supported by at least one read that passed the quality filter (base quality >20). Thus, the actual genotype call by the HaplotypeCaller is irrelevant in this calculation.
We studied the pattern of potential RNA editing by examining the flanking sequences of the different RNA-DNA sites and the frequency of the RNA-DNA nucleotide change types. Motif analysis was carried out using HOMER [22] ; cluster analysis was performed using Heatmap3 [23] . Additional annotation on the different RNA-DNA sites was done using previously reported editing sites, as described in the databases RADAR [24] and DARNED [25] .
Results
The heterozygous consistency analysis results showed high consistency rates (0.96-0.99) (Fig. 2 , Table 2 ) between sequencing data pairs of DNA samples from all three tissue sources. After RNA data was introduced into the pairings, the heterozygous consistency rate dropped substantially (0.79-0.90). As expected, the loose heterozygous consistency is higher in comparison to the regular heterozygous consistency, achieving a range of 0.97-0.99 for DNA-DNA pairs, and a range of 0.82-0.91 for DNA-RNA pairs. Due to the occurrence of errors and noise during library preparation, sequencing, and/or alignment, there will always be nucleotide differences even between DNA sequencing data of technicallyreplicated samples. The minor differences observed between DNA-NB and DNA-NT can also be contributed to tumor contamination in the adjacent normal tissue. The large differences observed between the DNA-RNA pairs confirm previous findings that large amounts (10-21%) of callable nucleotides are observed differently in DNA as compared to RNA sequencing data. We demonstrate the DNA-RNA difference using one example by Integrative Genomics Viewer (Additional file 1).
We performed dinucleotide distribution analysis. First, we computed the global dinucleotide frequencies for the human genome (Fig. 3) . The most preferred dinucleotide is TT (9.78%) and AA (9.75%), and the least preferred dinucleotide is CG (1.00%), followed by GC (4.29%). For Fig. 1 a The probability of detecting the alternative allele given depth under the binomial distribution. b The distribution of the allele frequency for alternative allele. The expected value is 0.5, the actual median measure is a few percent shifted to the left (red dotted line), caused by reference preferential biases Fig. 2 Genotype consistencies between any two pairs of sequencing data all of the SNV differences that we observed between any sample-sequencing type of the same subject, we extracted the up-and down-stream dinucleotides of the site, then we normalized them to the human genome background dinucleotide frequencies. Clean patterns emerged when we used the normalized dinucleotide frequencies in cluster analysis. For the two nucleotides upstream and downstream of the discordant genotype sites, two major clusters were formed by samplesequence types: a smaller cluster containing two pairs involving only DNA samples, and a larger cluster containing eight pairs, in which seven involve RNA samples (Fig. 4) . The most preferred dinucleotides both up-and down-stream were GG (upstream: 12%, downstream: 14%), followed by CC (upstream: 10%, downstream: 11%). These findings suggest GC content plays a role in the mismatched genotypes. The least preferred dinucleotide for both upstream and downstream was AT (upstream: 3.1%, downstream: 2.9%). For the upstream two nucleotides, pairs with RNAseq data had higher frequencies for CC (t test p = 1.03E-5) and CG (t test p = 0.001), while pairs with only DNA sequencing data had higher frequencies in AA (t test p = 0.0008) and TT (t test p = 0.002). For the downstream two nucleotides, pairs with RNAseq data had higher frequencies for GG (t test p = 7.56 × 10 −6 ) and CG (t test p = 1.41 × 10 −5 ), while pairs with only DNA sequencing data had higher frequencies in AA (t test p = 2.25 × 10 −8 ) and TA (t test p = 2.52 × 10 −8 ). The detailed allele frequencies and analysis are presented in Tables 3 and 4 . Next, we examined whether or not a pattern could be observed in the DNA-RNA difference. We took 10 nucleotides up and downstream of the DNA-RNA difference sites and identified no significant motif using Homer [22] .
We also performed cluster analysis using the allele change frequencies between all possible pairs of the sample-sequencing types. With the four possible nucleotides, there are six possible changes (A-C, A-T, A-G, C-T, C-G, and G-T). Similar to the cluster analysis using the frequency of two upstream and downstream nucleotides, cluster analysis showed that pairs with only DNA sequencing data form one cluster, while pairs with RNAseq data form another cluster (Fig. 5) . Transition changes were clearly more preferred than transversion changes (t test p = 6.04E-14). The average Ti/Tv ratio of the DNA-RNA difference sites was 1.98 (range: 1.71-2.86). The Ti/Tv ratio has been shown to be strongly related to genomic region and often serves as a quality control measurement [26] [27] [28] . Our Ti/Tv ratio result suggested that the DNA-RNA differences were not random. The detailed change frequencies and analysis are presented in Table 5 .
Lastly, we categorized the differences between DNA and RNA. The overall DNA-RNA differences per DNA-RNA pair category can be view in Fig. 6a . There are thousands of differences per category, which agrees with previous finding from Li et al. [12] . Out of all of these DNA-RNA differences, there were a total of 41,529 unique sites. Only a small portion of these sites, 877, have been documented in existing RNA editing databases; and 14,876 sites are recorded in dbSNP (Fig. 6b) . Because we required both samples in the DNA-RNA comparisons to have a depth of 10 or higher, the majority of the differences are located in exonic regions (Fig. 6c, Table 6 ). Of these exonic differences, a majority of them (61.3%) are nonsynonymous (Fig. 6d , Table 7 ).
Discussion
It has been proposed that single nucleotide variants, such as SNPs and somatic mutations, can be detected using RNAseq data [8, 29] . At the same time, strong evidence demonstrates large differences of detected nucleotides between DNA and RNA sequencing data [7, 12] . To further examine the genotype differences inferred from high throughput sequencing data between DNA and RNA, and among various sample sources, we designed a study to compare the genotypes obtained from five types of high throughput sequencing data that were generated from ten individuals. With thorough analysis, we observed large differences between the genotypes inferred from DNA and RNA sequencing data, which agrees with Li et al.'s findings [12] . However, Li et al. asserts these observed differences are the true differences between DNA and RNA, not accounting for differences introduced by technical errors. The study was conducted using TCGA data. Since we do not have access to the original samples, we could not perform at qPCR validation of the DNA-RNA differences.
DNA-RNA differences can be attributed to two categorical factors: biological and technical. The biological factors can be summarized as RNA editing and polyadenylation, which are a part of the natural biological process. RNA editing is the process that results in RNA nucleotide sequences that differ from the DNA template. Polyadenylation is the addition of a Poly(A) tail to the 3′ end of the mRNA during the transcription of DNA to Fig. 6 a Boxplots that show the number of differences between DNA and RNA. b There were 41,529 DNA-RNA differences, 14,876 of which were reported in dbSNP and 877 were reported in RNA editing databases. c Regional categorization of the DNA-RNA differences. d Functional categorization of the DNA-RNA differences regions, and, alignment of RNA reads to a DNA reference sequence requires that splicing of the gene exons be taken into account. All of these factors can substantially convolute the RNA alignment process and introduce potential alignment errors. Since 2001, there have been 20 reference human genomes released. Substantial improvements have been made with each new release providing more precise descriptions of the transcriptome, which in turn increases the accuracy of alignment of RNA reads. It is possible that with further advancements to the reference human genome, we will observe fewer DNA-RNA differences.
In our analysis, we also observed differences between adjacent normal tissue and blood in DNA, which are both considered to be germline. Some of these differences can be explained by tumor contamination of the adjacent normal tissue, and/or technical errors. Our results support Gottlieb's finding that there are potential SNP differences between normal tissue and blood [1] .
Conclusion
In conclusion, based on our analysis results, there are large differences (10%) between genotypes inferred from DNA and RNA sequencing data of the same individual. At the present time, it is difficult to assess what portion of these differences are due to biological processes and what portion of the differences are the result of technical errors. When RNAseq data is used to infer SNPs or somatic mutations, the DNA-RNA difference will result in large amounts of false positives [7] , thus making RNAseq data a less than ideal source for detecting SNVs. 
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